Forage nutritive value impacts animal nutrition, which underpins livestock productivity, reproduction 12 and health. Genetic improvement for nutritive traits has been limited, as they are typically expensive 13 and time-consuming to measure through conventional methods. Genomic selection is appropriate for 14 such complex and expensive traits, enabling cost-effective prediction of breeding values using genome-15 wide markers. The aims of the present study were to assess the potential of genomic selection for a 16 range of nutritive traits in a multi-population training set, and to quantify contributions of genotypic, Genomic selection for nutritive traits 2 39 Genomic selection for nutritive traits 4 program. From each population, 102 to 117 plants that tested positive for endophyte infection (Epichloё 126 festucae var lolli) by immunoblotting (HAHN et al. 2003), were polycrossed in isolation during spring 127 2012 in Palmerston North, New Zealand (FAVILLE et al. 2018). Polycrosses were performed separately 128 for each population, without admixing, and seeds from the maternal parents were harvested and 129 cleaned. In total 543 half-sib families were harvested for seed, however only 517 families had sufficient 130 seed (≥ 3.6g) for sowing field trials. 131 A total of six trials were sown (FAVILLE et al. 2018), of which two were used for the current study. 132 These were trials established at Lincoln (Canterbury region, southern New Zealand, 43.38°S 172.62°E; 133 Wakanui silt loam) and Aorangi (Manawatu region, central New Zealand, 40.34°S 175.46°E; Kairanga 134 sandy loam), during the autumn of 2013. The experimental design at each site was row-column with 135 three replicates. Within each replicate, populations were blocked, and families randomized within 136 blocks. Multiple repeated checks (clonal replicates) were also randomly allocated within and across 137 the replicated blocks. Half-sib families were evaluated as a 1m row of plants (referred to from now as 138 plots), by sowing 0.2 g of seed (which is equivalent to 14 kg ha -1 , if a sward was sown at 7 rows m -1 ). 139 Nitrogen and phosphate fertilizer was applied at the rate of 15-30 kg N ha -1 and 8.8 kg P ha -1 , in late 140 autumn each year (FAVILLE et al. 2018). 141 2.2 Phenotypic measurements 142
environmental and genotype-by-environment (G x E) variance components to trait variation and 18 heritability for nutritive traits. The training set consisted of a total of 517 half-sibling (half-sib) families, 19 from five advanced breeding populations, evaluated in two distinct New Zealand grazing 20 environments. Autumn-harvested samples were analyzed for 18 nutritive traits and maternal parents of 21 the half-sib families were genotyped using genotyping-by-sequencing. Significant (P<0.05) genotypic 22
variation was detected for all nutritive traits and genomic heritability (h 2 g) was moderate to high (0.20 23 to 0.74). G x E interactions were significant and particularly large for water soluble carbohydrate 24 (WSC), crude fat, phosphorus (P) and crude protein. GBLUP, KGD-GBLUP and BayesC genomic 25 prediction models displayed similar predictive ability, estimated by 10-fold cross validation, for all 26 nutritive traits with values ranging from r = 0.16 to 0.45 using phenotypes from across two 27 environments. High predictive ability was observed for the mineral traits sulphur (0.44), sodium (0.45) 28 and magnesium (0.45) and the lowest values were observed for P (0.16), digestibility (0.22) and high 29 molecular weight WSC (0.23). Predictive ability estimates for most nutritive traits were retained when 30 marker number was reduced from 1 million to as few as 50,000. The moderate to high predictive 31
abilities observed suggests implementation of genomic selection is feasible for most of the nutritive 32 traits examined. For traits with lower predictive ability, multi-trait genomic prediction approaches that 33 exploit the strong genetic correlations observed amongst some nutritive traits may be useful. This 34 appears to be particularly important for WSC, considered one of the primary constituent of nutritive 35 value for forages. 36 there is existing information that demonstrates the importance of nutritive value traits and the potential 50 economic returns from trait improvement, the overall breeding effort for nutritive traits in ryegrass has 51 received considerably less attention than for DMY (SMITH et al. 1997) . Increased breeding effort for 52 nutritive traits, with validated outcomes for animal productivity, would provide enhanced on-farm 53 value to farmers (JAFARI et al. 2003a; CHAPMAN et al. 2017) . 54
Compared to other forage grass species, perennial ryegrass is regarded as having relatively high 55 nutritive value, providing a cost effective, nutrient rich feed for ruminant livestock (WILKINS 1991; 56 BAERT AND MUYLLE 2016). Breeding for improved nutritive value in this species has focused 57 principally on higher in vitro dry matter (DM) digestibility to enhance energy availability and voluntary 58 intake from grazed pasture (JUNG AND ALLEN 1995) . This is a key selection criterion in many ryegrass 59 breeding schemes (CASLER AND were the benchmark for genomic prediction, as these methods are appropriate for a range of genetic 113 architectures, from traits which are controlled by many genes with small effects (infinitesimal model) 114
to traits with large SNP effects (variable selection model). 115
The principle aim of the current study was to assess genomic predictive ability for 18 nutritive quality 116 traits, measured in a large multi-population training set in two key New Zealand grazing environments, 117
and to investigate the impact of marker density and of genomic prediction models with different prior 118 assumptions regarding the distribution of SNP effects. The study also provided an opportunity to assess 119 the magnitude of genetic variation and to estimate heritability for a large range of nutritive traits under 120
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Model 2: Mixed model for across locations. 187
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replicates, locations and populations respectively. In the equation, is the overall mean; is the 191 random effect of half-sib family , (0, 2 ); is the fixed effect of location ; ( ) is the random 192 effect of interaction between half-sib family and location , (0, 2 ); is the fixed effect of 193 population ; is the random effect of replicate within location in population 194 , (0, 2 ); is the random effect of row within replicate in location of population , 195 (0, 2 ); is the random effect of column within replicate in location of population , 196
(0, 2 ); is the residual effect of half-sib family in row and column of replicate in 197 location of population , (0, 2 ). 198
Model 3: Mixed model for individual populations. 199
is the phenotypic value measured on half-sib family in row and column of replicate nested 200 in location . In the equation, is the overall mean; is the random effect of half-sib family , 201 (0, 2 );
is the fixed effect of location ; ( ) is the random effect of interaction between half-202 sib family and location , (0, 2 ); is the fixed effect of population ; is the random effect 203 of replicate within location , (0, 2 ); is the random effect of row within replicate in 204 location , (0, 2 ); is the random effect of column within replicate in location , (0, 2 ); 205
is the residual effect of half-sib family in row and column of replicate in location , 206
(0, 2 ). 207
The variance components estimated based on the mixed model analysis were used to calculate 208 repeatability (Model 2) (FALCONER 1960) and narrow sense heritability (Model 3) for each trait. 209
Repeatability was based on genotypic variance estimated across five populations, whereas narrow-210 sense heritability is based on additive genetic variance among half-sib families within each population. 211
Repeatability and narrow sense heritability, on a family mean basis, were estimated using the equation: 212
and ℎ 2 are repeatability and narrow-sense heritability. For repeatability, 2 was the 213 genotypic variance among all the 517 half-sib families. In the estimation of narrow-sense 214 heritability, 2 was the estimated additive genetic variation among half-sib families within a specific 215 population, 2 is the variance associated with G x E interaction and 2 is the variance of residuals. 216
Genotypic and phenotypic correlation 217
The genotypic correlation among traits was estimated as proposed by FALCONER (1960) . Multivariate 218 analysis of variance (MANOVA) was performed in DeltaGen (JAHUFER AND LUO 2018), using the 219 multivariate analysis option, to estimate variance and covariance among traits: 220
Where, ( , ) is the genotypic covariance between trait and ; 2 ( ) is the variance associated 221 with trait , and 2 ( ) is the variance associated with trait . Phenotypic correlation was performed in 222
DeltaGen (JAHUFER AND LUO 2018) using the best linear unbiased predictors (BLUPS) estimated based 223 on Model 2. 224
Genotyping and genomic heritability 225
All maternal parents of the 517 half-sib families were genotyped using a GBS approach described in (2015). The KGD matrix was used for genomic predictive modelling. Population structure was 239 previously analyzed using multi-dimensional scaling based on genomic relationship matrix (see Figure  240 1 in FAVILLE et al. (2018) 
Where is the vector of BLUP values of the trait, is the vector of grand mean, is the design matrix 252 associated with random marker effects , with ~ (0, 2 ), in which is the additive genetic 253 relationship matrix, and ~ (0, 2 ), in which is the identity matrix. The matrix was calculated 254 based on the method proposed by VANRADEN (2008); ENDELMAN AND JANNINK (2012) using A.mat 255 function in rrBLUP package (ENDELMAN 2011). 256
The second method is a variant of GBLUP method with KGD matrix as in the linear mixed model. 257
The GBLUP and KGD-GBLUP models were fitted using the rrBLUP package (ENDELMAN 2011), 258
implemented through R programming language (R CORE TEAM 2017). 259
The third method was BayesC (HABIER et al. 2011), in which markers effects can depart from 260 normality, that is, large variances are allowed for markers with larger effects. 261
The model is expressed as follows: 262
Where is the vector of BLUP values of the trait, is the vector of grand mean, is the number of 263 makers, is the vector of genotypes at marker , is the additive effect of the marker, and is the 264 vector of residual effects with a normal distribution (0, 2 ). The BayesC model was implemented 265 through R programming using the BGLR package (PÉREZ AND DE LOS CAMPOS 2014), with the number 266 of burn-ins set to 2,000, total number of iterations set to 10,000, and other parameters set to default 267 (PÉREZ AND DE LOS CAMPOS 2014). 268
The predictive ability of the models based on data from the composite training population was assessed 269 by a ten-fold cross validation approach. For each cross validation, randomized data were divided into 270 ten equal parts, of which nine parts (training set) were used to train the model and to predict GEBVs 271 in the remaining one part of the data (test set). Randomization of the complete data set was repeated 272
five times and the mean of the five iterations was reported as the predictive ability of the model 273
( were then predicted in the remaining 50% of Pop I and the mean correlation of 500 iterations was 281 considered as the predictive ability for this population. This approach was likewise extended to each 282 of the other four populations. 283
Optimising marker density 284
To evaluate the minimum number of markers needed to achieve maximum predictive ability for each 285 nutritive trait, a random set of markers ranging from 1,093,464 (100%, unfiltered) to 1,093 (0.1%) in 286 10 steps were obtained from the training population. Using each set of randomly selected markers, a 287 matrix was computed based on the method proposed by VANRADEN (2008) 
Variance components, repeatability, and genomic heritability 297
There was significant (P<0.05) genotypic variation among 517 half-sib families from five populations 298 for all traits, based on mean performance across the two locations, Lincoln and Aorangi (Table 1,  299 Supplementary Table S1 and S2). There were also significant (P<0.05) G x E interactions for all the 300 traits, indicating a relative change in ranking among the 517 half-sib families between the two 301
locations. There was a high genotypic correlation (r = 0.93) between R and h 2 g in the across-location 302 dataset and these ranged from a low of 0.26 (R) and 0.22 (h 2 g) for traits N and P to a high of 0.75 (R) 303 and 0.74 (h 2 g) for Na (Table 1) across the two locations. Genotypic correlation between R and h 2 g was 304 slightly lower in Aorangi (r = 0.85) compared with Lincoln (r = 0.93). Because of the high correlation 305
between R and h 2 g and because h 2 g captures marker-based additive variance, from here on results for 306 h 2 g only are reported and discussed. Overall, h 2 g estimated within a location was substantially higher 307 at the Aorangi site than Lincoln (mean of all traits h 2 g = 0.62 and 0.43, respectively) (Supplementary 308 Table S3 -S7). 320
Correlation among traits 321
Genotypic and phenotypic correlation coefficients for all nutritive quality traits are shown in Tables 2  322 and S8, respectively. Strong, positive genotypic correlation was observed between fibre measures ADF 323
and NDF and these in turn were negatively correlated with energy traits including ME, DOMD and 324
WSC (Tables 2 and Supplementary Table S8 ). A positive genotypic correlation was estimated for both 325 LMW WSC and total WSC with DOMD, however, a weak positive correlation was found between 326 HMW WSC and DOMD. A strong negative genotypic correlation was observed for both ADF and 327 NDF with both LMW WSC and total WSC. A moderate genotypic correlation was observed between 328 fibre traits (ADF and NDF) and minerals traits including K, Mg and Mn (positive), P and Ca (negative). 329
Predictive ability for nutritive traits 330
Predictive ability for all nutritive traits was evaluated using GBLUP, KGD-GBLUP and BayesC 331 genomic prediction models, and the results are summarized in Figure 1 as the Pearson correlation 332 coefficient between observed (adjusted means) and predicted values. There were no significant 333 differences (P > 0.05) in terms of predictive ability between GBLUP, KGD-GBLUP and BayesC across 334 all nutritive traits (Figure 1 ). Although slight differences can be noted from the Figure 1 , no single 335 statistical approach consistently gave higher predictive ability for all nutritive traits. Because the results 336 from the three models were largely indistinguishable, from here on results from KGD-GBLUP are only 337 reported and discussed. Using the adjusted phenotypic trait means (BLUPs) estimated across both 338 locations, predictive ability for all traits was positive and was strongly correlated with h 2 g (r = 0.65). 339
The highest predictive ability observed was for Na and S (both r = 0.45), followed by CFAT (0.38) 340
( Figure 1) . The lowest predictive ability was noted for P (0.16), followed by DOMD with a value of 341 0.22 (Figure 1 ). The bias (slope of regression) of the model for all nutritive traits was around 1, meaning 342 unbiased estimates were obtained by regressing GEBVs on adjusted means (BLUPs) ( Supplementary  343  Table S9 ). 344
Predictive ability of models based on phenotypic means from Lincoln only (location-specific predictive 345 ability) was negative to low and showed a very high correlation with h 2 g (r = 0.93) ( Supplementary  346  Table S1 ). The highest predictive ability was obtained for Na (0.35), similar to the across locations 347 analysis, and the lowest predictive ability was for ADF with a negative accuracy of -0.06. Predictive 348 ability of models using phenotypic data from Aorangi were generally higher than both the Lincoln and 349 across-location models ( Supplementary Table S2 ) and the correlation between h 2 g and predictive ability 350 was 0.67. In this dataset the highest predictive ability was for HMW WSC (0.56) and lowest predictive 351 ability was for Ca (0.16) ( Supplementary Table S2 ). 352
In terms of different trait categories, for the measures of fibre content, ADF and NDF, predictive ability 353 of the across-location models was moderate, at 0.24 and 0.36 respectively. There was a strong effect 354 of location on these traits, with moderate predictive ability at Aorangi (ADF = 0.29 and NDF = 0.35) 355
whereas at Lincoln, the predictive ability was almost zero for NDF (0.02) and negative for ADF (-0.06) 356
( Supplementary Table S1 and S2). 357
The traits DOMD, CFAT, WSC (LMW, HMW and total) and ME were grouped as energy traits in this 358 study. Predictive ability for energy traits in the across location analysis was generally low to moderate, 359
with CFAT (0.38) and LMW WSC (0.34) the highest, and DOMD (0.22) and HMW WSC (0.23) low 360 ( Figure 1) . As with the fibre traits, the ranking of predictive ability for CFAT varied by environment 361
and was highest in Lincoln and in across-location analysis, whereas predictive ability for CFAT ranked 362 fourth highest in Aorangi. By contrast, the predictive ability estimated for DOMD was ranked similarly 363 (fifth highest) for Lincoln and Aorangi. 364
The predictive ability of genomic prediction models for mineral traits assessed in this study was 365 generally high, with Mg, Na and S consistently ranked highest in terms of predictive ability within the 366 two locations (Lincoln and Aorangi) and in across-location analysis. The lowest h 2 g was observed for 367 P, which was reflected in the predictive ability of prediction models for Lincoln and across-location 368 analysis. Models for tetany ratio ([K/(Ca+Mg)]), a predictor of hypomagnesaemia risk in livestock, 369 had a predictive ability of 0.34 across locations, 0.29 at Lincoln and 0.18 at Aorangi. 370
The measures CP and N are both indicative of protein content, with crude protein a derivate of 371 measured N, obtained by multiplying N by a conversion factor of 6.25 (WAGHORN 2007), hence 372 predictive ability estimated within and across locations was highly similar for both the traits. Predictive 373 ability for these traits was low to moderate, at 0.28 (CP) and 0.26 (N) in the across location analysis, 374 0.14 for both traits at Lincoln and 0.20 and 0.21 for CP and N at Aorangi. 375
Genotyping efficiency impacts the design and overall cost of implementing GS in a breeding program. 376 To investigate the minimum number of SNP markers needed to achieve maximum predictive ability 377 within the current dataset, random marker sets with varying numbers of SNPs were used to build 378 genomic prediction models for all nutritive traits, using the across locations dataset. For all nutritive 379 traits, a steady decline in predictive ability was observed from 100% (1,093,464) to 0.5% (5,467) 380 markers and a rapid decrease in predictive ability was noted from 0.5% to 0.1% (1,093) ( Figure 2 and 381 Supplementary Table S9 ). Overall, reducing the marker number to 5% (54,673) of the total available 382 SNPs had minimal impact on overall predictive ability (Figure 2 and Supplementary Table S9 ). Further 383 reductions in marker number resulted in losses in predictive ability, the extent of which varied by trait 384
( Supplementary Table S9 ). For example, with 10,934 markers (1% of the total dataset) the predictive 385 ability for LMW WSC, HMW WSC and total WSC decreased by 3%, 7% and 4%, respectively 386 compared to the total dataset (100%) (Figure 2) . At 1,093 markers (0.1%) the predictive ability for 387 these traits declined further although the absolute values were still positive, at 0.31 for LMW WSC, 388 0.18 for HMW WSC and 0.26 for total WSC (Figure 2 ). The decay in predictive ability was typically 389 highest for those traits which had low h 2 g and low predictive ability under the full SNP dataset. For 390 example, between the highest and lowest marker number datasets there was a 36% decrease in 391 predictive ability for P (h 2 g = 0.22), while for S (h 2 g = 0.53) there was a 14% decrease in predictive 392 ability ( Supplementary Table S9 ). 393
The training population used in this study is a composite of five different breeding populations, with 394 differing genetic relationships (see Figure 1 in FAVILLE et al. (2018) . The predictive ability of a model, 395
constructed based on a composite training set, for each of the individual populations is therefore an important consideration. Cross-validations were conducted within the individual populations using the 397 protocol reported by FAVILLE et al. (2018) . Predictive ability varied amongst the populations ( Figure  398 3). For example, predictive ability for ADF ranged from 0.13 to 0.24 amongst the five populations 399 (Figure 3) . The majority of predictions were positive across all populations, with the exception of K 400
for Pop I, and only LMW WSC and P in Pop II had notably poor predictive ability (Figure 3 In this study, we compared three linear models characterized by two different assumptions with respect 424 to the distribution of variance for marker effects. In GBLUP and KGD-GBLUP all marker effects are 425 shrunk equally, assuming the predicted trait is controlled by many markers with small effect (GODDARD 426 et al. 2011), whereas BayesC assumes that the trait is a mixture of distributions with large and small 427 effect markers (HABIER et al. 2011) . Even with different prior assumptions, Figure 1 illustrates the 428 similarity in predictive ability amongst the three methods for all nutritive traits, with only minor 429 differences (Figure 1) . ). Traits with low ℎ 2 need a larger training population to achieve the same 441 level of predictive ability as a trait with higher ℎ 2 . Results from our study indicate that predictive ability 442 estimated by cross-validation and ℎ 2 will not be a limiting factor for implementing GS for nutritive 443 traits in perennial ryegrass, as predictive ability and various measures of heritability (R, ℎ 2 and ℎ 2 ) 444
were moderate to high for most traits (Table 1 , Supplementary Table S1 -S7 and Figure 1) . A strong 445 positive correlation was observed between predictive ability and h 2 g for traits at the individual locations 446 (Aorangi and Lincoln) and in the across-location analysis, confirming previous findings (CROSSA et al. 447
2017) and suggesting that genomic prediction can be more accurate for highly heritable traits. A 448 positive correlation between predictive ability and heritability was also previously observed for 449
nutritive For most traits, ℎ 2 at Aorangi was consistently higher compared to Lincoln, and consequently higher 453 predictive abilities were observed. This difference between locations was due to a combination of the 454 genotypic variance component estimated at Aorangi being higher and estimates of trait-associated 455 experimental error being higher at Lincoln ( Supplementary Table S1 and S2). While it is not possible 456
to conclusively determine the basis of this disparity in experimental error, it may be explained by 457 greater within-environment variability at Lincoln, due to factors that such as climatic variations over 458 the sampling period ( Figure S1 reported high predictive ability for nutritive trait models, these values were based on a single 472 environment and therefore unaffected by G x E, which might decrease the reliability of predictions. 473
Overall, the values in the current study, based on a relatively small, composite training set were 474 sufficiently high to support prediction of GEBVs and implementation of genomic selection to 475 accelerate genetic gain for nutritive traits across environments in perennial ryegrass. 476
Determining the magnitude and genetic basis of G x E interactions for a trait is important, as it can 477 assist in making appropriate breeding design decisions for the development of cultivars that are adapted 478 to a broad range of target environments. In the current study G x E interactions were significant for all 479 nutritive quality traits. The majority of traits displayed a G x E variance component that was small in 480 comparison to genotypic variance, when nutritive traits were evaluated at two distinct locations (Table  481 1). This was reflected in the ratio of g to gs, which was > 1 for 60% of the traits, indicating that the 482 genotypic variance was predominant. However, the ratio for CFAT, CP, total WSC, LMW WSC, 483 HMW WSC, P and N were < 1, indicating a greater influence of G genomic regions that are stable across environments and other regions that are associated with specific 500 environments that contribute to G x E interactions. These marker effects can be fixed in GS models to 501 assist the selection of stable genotypes. However, these models were primarily developed for wheat, 502
and a detailed investigation is needed to assess models perform in outcrossing species such as perennial 503
ryegrass. 504
Traits with high G x E interactions displayed both lower ℎ 2 and comparatively low predictive abilities 505 (Table 1 , Supplementary Table S1 -S2 and Figure 1 ). For such traits multi-trait genomic prediction 506 models (JIA AND JANNINK 2012) may be one way of improving predictive ability and thereby genetic 507
gain. The concept of multi-trait genomic prediction approaches is to improve the predictive ability of 508 a primary target trait (which may be difficult and expensive to phenotype) by utilizing the genetic 509 correlation with a secondary trait which is highly heritable and significantly less expensive to 510 phenotype. Heritability and genotypic correlation data generated in the current study may assist in 511 designing multi-trait prediction models for key nutritive traits. For example, a negative genetic 512 correlation was observed between fibre and WSC traits, as reported previously in Italian ryegrass 513 (WANG et al. 2015) , and a positive genetic correlation was observed between DOMD and WSC traits 514 as described previously by HUMPHREYS (1989b); JAFARI et al. (2003b) ( Table 4 ). These secondary 515 traits (ADF, NDF and DOMD) are measured routinely and relatively inexpensively by NIRS and may 516 therefore be useful in multi-trait genomic prediction models to more accurately predict WSC traits that 517 are most accurately measured using more expensive wet chemistry methodologies. 518
Mineral composition of forages is of interest from a perspective of livestock health and, as with 519 nutritive traits overall, there has been little or no emphasis on selection for mineral composition in 520 forage breeding programs (MASTERS et al. 2019 ). Significant genotypic variation was observed for all 521 minerals in this study, with relatively low influence of G x E, moderate to high heritability and genomic 522 prediction models with predictive abilities high in comparison to the other nutritive quality traits 523 assessed (Figure 1 ). This indicates that selective breeding for levels of micro-and macro-minerals is 524 feasible and that genomic selection represents a strong option for pursuing improvement in these traits. 525
In general, ryegrass cultivars that grow well under low soil P will compete less for P in the sward, 526
increasing P availability for uptake to support legume growth (EASTON et al. 1997; MCDOWELL et al. 527 2011). For instance, CRUSH et al. (2006) , reported that in a mixed sward of ryegrass and clover (18% 528 clover content), net annual flux of P into ryegrass was 4.7 times higher compared to clover. A small 529 improvement in ryegrass phosphate use efficiency (PUE), can significantly change these proportions 530
and may have large environmental and economic benefits (CRUSH et al. 2018a ). In the current dataset 531 predictive ability for P was very low (0.13), underpinned by a significant G x E interaction component 532 to total phenotypic variation. This indicates that breeding for this P levels in perennial ryegrass foliage 533 needs to be designed to account for G x E interaction effects. Alternatively, moderate to high genetic 534 correlation with high ℎ 2 traits, such as Mg (genotypic correlation -0.62), might support an indirect 535 multi-trait genomic selection strategy, as discussed earlier. 536 Hypomagnesaemia or grass tetany is a metabolic disorder in ruminants, caused by inadequate supply 537 of Ca and Mg. This is often described in terms of a tetany index ([K/Ca+Mg]), for which values 538 exceeding 2.2 (KEMP AND T HART 1957) are associated with increased risk of the disorder. We observed 539 a moderate predictive ability for the ratio and the magnitude of G x E was low compared to genotypic 540
variation, suggesting that tetany ratio could be used successfully as a selection criteria for developing 541 cultivars with reduced potential for the incidence of hypomagnesaemia. This is in contrast to the results 542 of SMITH et al. (1999) , who reported large G x E variance for the tetany ratio evaluated at two locations 543
in Australian environments and suggested the use Mg alone as a selection criteria to improve tetany 544 ratio. Results from the current study showed a high predictive ability for Mg, making genomic selection 545 a viable strategy for this trait. Although, increasing Mg concentration alone may be sufficient to 546 decrease the incidence of hypomagnesaemia, the presence of a positive correlation between Mg and K 547 observed in the current study ( Using approximately 50k random markers the predictive ability of genomic prediction models for all 551 nutritive traits was similar to using the full dataset of ca. 1M markers (Figure 2 and Supplementary 552 In conclusion, genotypic variation and G x E interactions were significant for all nutritive quality traits 567 evaluated in two distinct New Zealand environments. The predictive ability of genomic prediction 568 models reported in this study for most of the traits would be sufficient to implement GS for nutritive 569 traits in perennial ryegrass. Although a major proportion of this predictive ability is the result of 570 capturing relatedness among individuals, maintaining relatedness between training and selection 571 population would be an option to implement GS in perennial ryegrass. Predictive ability for most of 572 the nutritive traits was retained even with as few as 50,000 markers. A next step would be to simulate 573 a cost-benefit analysis to study the implications of manipulating marker number for cost-effective GS. 574
For traits with low G x E interactions, single-trait genomic prediction models can be considered and 575
for traits with large G x E, and consequently lower predictive ability, multi-trait approaches may be 576 useful to explore as a method for obtaining high levels of prediction. This appears to be particularly 577 important for WSC, which is considered to be one of the primary constituents of nutritive value for 578 forages. 579 580 581 Table 1 : Trait genotypic (σ 2 g), genotype-by-location interaction (σ 2 gl) and residual error (σ 2 ε) variance components and their associated 888 standard errors (SE), repeatability (R) and genomic heritability (h 2 g), estimated for the range of nutritive traits, among 517 half-sib families of 889 perennial ryegrass evaluated across the two locations in Lincoln and Aorangi. All σ 2 g for nutritive traits were significant (P < 0.05). 890 Figure 1: Predictive ability (Pearson correlation coefficient between observed and predicted values) for nutritive traits and their 903 associated standard deviation, assessed using three genomic prediction models (BayesC, KGD-GBLUP and GBLUP), based on adjusted 904 means (BLUP's) measured among five populations across two locations. 905 
